Air traffic management at the strategic time frame (with 2-15 hours look-ahead time) is complicated by demand and weather uncertainties. As the Monte Carlo approach to find optimal management solutions is time-consuming, we need an effective and systematic approach to quickly 1) assess the impact of uncertain weather, and 2) design optimal management strategies under demand and weather uncertainties. In this paper, we investigate a simple strategic flow management scenario: a stream of uncertain flow enters a single weather zone subject to weather uncertainty. We provide an integrated weather-demandmanagement modeling framework to capture the uncertain dynamics of this scenario. Using this integrated modeling framework, we provide a jump-linear analytical approach to evaluate the first and second moments of weather impact, and a Probabilistic Collocation Method-based approach for the design of optimal flow management. Possible cost functions for the optimal management is discussed, and examples are shown to demonstrate the performance of the proposed approaches.
I. Introduction
Strategic air traffic flow management is concerned with planning air traffic 2-15 hours in advance. The decision-making process at this long look-ahead time is complicated by a variety of uncertainties, the most prominent of which include weather and demand uncertainties [4, 5, 9, 10, 15] . In particular, traffic demand is subject to a range of uncertain variabilities, caused by delay events, management initiatives, pop-up flights, etc [15] . With respect to weather, a precise prediction of the intensities of further weather events is currently unavailable due to the limitation of meteorological techniques. Because of the uniqueness of weather condition in the United States, convective weather events (such as storms) account for the primary reason of traffic delays, according to the Federal Aviation Administration (FAA) [1] .
Effectively finding the best management strategies is nontrivial considering the weather and demand uncertainties, and nonlinear impact of management strategies and convective weather on flows [12, 14] . As such, the most intuitive way to assess weather impact and optimal management strategy design is to use Monte Carlo simulations as shown in Figure 1 . In particular, this process involves finding the performance of each management strategy through simulating it against each possible pair of weather and demand ensembles. As both weather and demand are stochastic processes, enumerating pairs of weather and demand ensembles typically results in a very large ensemble space and thus intensive simulation runs. In this paper, we seek effective simulation and analysis methods to reduce the computation load for weather impact and optimal management studies. In order to permit effective evaluation and design methodologies, we introduce an integrated weather, demand, and management modeling framework. In particular, we model demand as a stochastic process. Examples of demand models include Poisson processes and more realistic models that capture fixed flight plans and uncertain pop-up flights (obtained from historical data) [12, 15] . We also model uncertain dynamic weather impact as Markov chains [9, 17] . Weather impact is captured by capacity reduction, due to the increased in-trail distance requirements and controller workload. Moreover, we model traffic management plans and capacity constraints as queuing service rates. Their effects are to shape downstream flows at the cost of accumulated backlog (i.e., the number of aircraft being delayed due to the service rate) [12, 14] . The integration of the above three models permits an analytical framework for weather impact evaluation and optimal management design under uncertainty.
As a step toward the optimal management design at a National Airspace System (NAS) level, we focus on a simple scenario in this paper: a stream of flow enters an uncertain weather zone. We then study: 1) the predicted statistics of delayed aircraft due to uncertain weather, and 2) the design of optimal management restrictions subject to weather and demand uncertainties. The contribution of this paper is summarized in the following.
Evaluation of uncertain weather impact on the statistics of delayed aircraft.
Transient backlog is an important metric to evaluate the impact of uncertain weather on flows. In [17] , we studied a master-Markov approach and a jump-linear approach to predict transient mean backlog. In this paper, we extend the previous results to higher moments, and show that these statistics can also be easily obtained through a simple recursion. These higher moments provide rich information about uncertain weather impact, such as the range of variability around the mean backlog.
Performance metric capturing both management and non-management induced delays.
Interestingly, we find that the mean total backlog when no management is applied represents the minimum achievable one in the presence of uncertain weather. As flow management is always designed in advance, it is impossible for any specific pre-planned management to be optimal for each of the possible weather ensembles. This observation suggests to us that total mean backlog cannot be used as the sole cost function for optimal management design. In this paper, we suggest the use of a combination of management and non-management induced backlogs as the optimization cost functions.
Design of optimal flow management subject to weather and demand uncertainties.
We provide a systematic approach to find the best management plan under weather and demand uncertainties. The method is based upon a mesh of an effective simulation method called Probabilistic Collocation Method (PCM) and a Markov chain (or jump-linear) analysis to quickly identify a low-order mapping between management plan and total cost, from which the best management solution is obtained.
The remainder of the paper is organized as follows. In Section II, we present the modeling framework and preliminary results required for the development of this paper. In Section III, we present a closed-form analytical approach to predict weather impact. In Section IV, we introduce the PCM approach for optimal management design. Section V includes a brief conclusion.
II. The Modeling Framework and Problem Formulation
In this section, we describe the modeling framework, and then formulate the weather impact evaluation and optimal management design problems to be investigated in this paper.
A. Modeling Framework
The modeling framework integrates the demand model, weather model, and queuing model as shown in Figure 2 . Let us describe the details of each model.
Flow Restriction and Weather
Induced Constraints Crossing flow e(t)=f(b(t))
Actions Figure 2 : Illustration of the modeling framework.
Demand Model
Demand, capturing the number of aircraft coming to a region, can be modeled as a stochastic process x [k] . The most commonly used stochastic demand model is the Poisson process [6] . Poisson process is an independent stochastic process, in which x[k] at each time k is a Poisson random variable with mean λΔT and variance λΔT , where λ is the average number of coming aircraft per unit time and ΔT is the time interval between adjacent time steps. In [15] , more complicated demand models that utilize both deterministic flight plan information and uncertain historical pop-up flights information are introduced. In this study, we model the demand as a general independent stochastic process
Weather Model
Stochastic weather impact is modeled as a finite state Markov chain. In the Markov chain, each state s i represents a particular stage of weather development, and the transition probability P wij represents the chance for the weather to progress from state s i to s j during a time interval ΔT . We denote the transition probability matrix as P w , in which the ith row, jth column entry is P wij . Let us use an example to illustrate the weather model. If the weather-induced capacity reduction has two levels, no reduction (with flow restriction rate w 1 ) and partial reduction (with flow restriction rate w 2 ), and if the duration of weather-induced reduction is captured by the pdf shown in Figure 3a , the stochastic weather impact can be modeled as 4-state Markov chain shown in Figure 3b 
Queuing Model
As shown in Figure 2 , a queuing model is a natural framework for capturing the impact of weather and management on traffic flows [14] . A queuing model is composed of three parts: buffer, flow restriction, and crossing flow. A discrete-time queue model works as follows. All coming aircraft to a region enters the buffer automatically. We denote the buffer length as b [k] . At any time k, a portion of aircraft in the buffer (denoted 
The dynamics of such a queue are captured by the following equations [12] . In this equation, the backlog B [k] , which captures the number of delayed aircraft at time k, is a natural performance metric. B [k] can be found as the number of aircraft in the buffer at time k − 1 subtracting the crossing flow at time k.
At the limit of small ΔT , the saturation model approaches the G/D/1 model [12, 14] .
B. Problem Formulation
Convective weather events reduce region capacity, inducing accumulated backlog. As discussed in [17] , the statistics of transient backlog is a natural metric to evaluate weather impact. This is the first problem that we investigate in this paper. Besides weather impact evaluation, we also study optimal strategic traffic management before the occurrence of convective weather. Strategic management can increase the efficiency of traffic systems for several reasons: 1) it enhances safety as pilots and controllers can prepare ahead-oftime, rather than having to deal with urgent events; 2) it can reduce costs as advanced strategic management strategies such as Ground Delay Programs (GDP) can reduce fuel consumption; and 3) it also permits NASwise planning to better allocate limited resources. In this paper, we investigate how to design statistically optimal management strategies under the weather and demand uncertainties. Let us formulate these two problem mathematically below. 
For instance, in the example of weather model shown in Figure 2 , we have 
The optimal management is a series of N c [k] that minimizes a cost function (typically connected to delay statistics), given the stochastic demand and convective weather models.
In this paper, we consider a simple scenario: the convective weather starts at the initial time k = 0 with uncertain ending time. When the convective weather is present, the restriction rate is w 2 ; and when the weather event is over, the restriction rate goes back to the normal w 1 . Designing the optimal management plan is concerned with finding the start time, end time, and intensity of N c [k] , given all the uncertainties. As convective weather starts from the initial time with a fixed intensity w 2 , it is a reasonable practice to start the flow management N c [k] at k = 0 with intensity w 2 . As such, we are concerned with finding the optimal end time of the management N c [k].
C. Overview of Our Approaches
In this paper, we introduce two effective approaches to address the above weather impact evaluation and optimal flow management design problems. In particular, we take an analytical approach to characterizing transient impact statistics, specifically one based upon a Markov jump-linear approximation. This approach provides simple assessment of backlog and its variability caused by uncertain bad weather in a particular day. We also suggest using a smart simulation technique known as PCM for designing the flow management capability. As a purely analytical method is difficult to obtain while Monte Carlo simulations are timeconsuming (for a problem of realistic scale), PCM permits an approximated suboptimal but much faster approximation, which also incidentally gives the mapping between design parameters and cost. The results in this paper are presented in a very concise form, as they are heavily built upon our previous modeling and analysis efforts [9, [12] [13] [14] 17] . Please refer to these earlier papers for the background.
III. Using Jump-linear Approach to Evaluate Uncertain Weather Impact
The Monte Carlo approach (as illustrated in Figure 2 ) is a straightforward approach to evaluate uncertain weather impact. However, as both weather and demand are subject to uncertainties, the Monte Carlo approach results in a large number of simulations and thus is time consuming for real-time management. As such, we seek a systematic analytical approach to effectively evaluate uncertain weather impact. This approach is based on a stochastic linearization of the original dynamics (Equation 1), transforming it into a Markov jump-linear system (see Equation 4) [17] . Markov jump-linear system is the type of linear systems with parameters modulated by a Markov chain [8] .
Equation 4 leads to the following dynamics of the backlog B[k] through simple algebra. 
The mean backlog 
Squaring both ends of Equation 5 leads to
For the ease of presentation, we denote
then be written as
Taking the expectation of both sides of this equation with respect to σ 2 [k], the mean of σ 2 [k + 1] can be obtained as
The above recursion can be used to obtain E[σ 2 [k]] at any time from the the initial condition
where n is the length of q[k] and l 2 is the length of the vector σ 2 [k]. The variance of B[k] can be expressed as
The result suggests that the first and second moments of demand and weather Markov chain are sufficient to infer the mean and variance of backlog at any time using the jump-linear approach. This fast approach to second moment analysis is of significant value, as it could potentially be used to evaluate the local impacts of TMIs on performance in flow contingency management (FCM) [11] , without requiring simulation of the full NAS; it also gives an indication of the variability of performance over the range of weather outcomes.
C. An Illustrative Example
Let us use a simple example to illustrate the jump-linear approach to obtain the variance of transient backlog. To facilitate the presentation, we denote the matrix 
IV. Optimal Management Design under Both Weather and Demand Uncertainties
In the previous section, we provide an effective approach to predict the statistics of weather-induced transient backlog. In practice, it is unrealistic to directly use stochastically-varying weather-induced capacity reduction as flow management restrictions. This is because strategic management is planned in advance using weather prediction, and hence its update always lags the change of weather. As described in Problem 2, optimal management design is concerned with devising deterministic flow restrictions under the uncertainties of weather and demand. In this section, we first discuss the performance metrics to be used as optimization cost functions, and then present a novel method to design optimal management under the uncertainties.
A. Metrics to Evaluate the Performance of Flow Management
The usefulness of optimal management solutions is highly contingent upon the correctness of performance metrics (used as the optimization cost functions). As such, before we present the optimal design, we first introduce and evaluate three candidate cost functions. The first function is defined as the total backlog over a duration of interest. We show that this cost function cannot capture the advantage of flow management, and always results in "no management" as the optimal solution. To account for this problem, we then introduce a second cost function, by separating management and non-management induced backlogs. Finally, we present a third performance metric to penalize high transient backlogs.
We note that our focus here is not to determine the exact form of cost functions through real cost analysis. Instead, we try to understand the type of cost functions that allow the optimal solution to reflect the considerations in reality.
Total Backlog
The most intuitive performance measure is proportional to the total backlog
where k p > 0 is the end time of consideration, and C 1 is a scaling factor. We prove that this performance metric always results in "no management" as the optimal solution. Or in another words, the cost O 1 (or total backlog) caused by pure uncertain weather with zero management is always the minimum among all deterministic management plans. To prove this statement, it is sufficient to show that for any possible combinations of weather and demand ensembles at any time k, the backlog B[k] caused by a deterministic management N c [k] is equal to or greater than that caused by just weather w(q [k] ). This is straightforward by considering the following two cases.
, and clearly the backlog with management is larger than that with no management according to Equation 1. On the other hand, if
, and thus the backlog with management is equal to that with only weather. The proof is thus complete.
The above proof suggests that any deterministic management plan always results in higher total backlog. As such, the total backlog-based metric O 1 cannot capture the advantage of flow management, and thus we need to modify it.
Separation of Management and non-Management induced Costs
To account for the advantage of flow management, we note that the unit cost associated with managementinduced backlogs is typically less than that associated with weather-induced backlogs. For instance, if a severe storm is predicted, aircraft can be delayed taking off through the Ground Delay Program (GDP). If no management is adopted in this circumstance, aircraft has to be instead held in air before being allowed to enter a weather zone, incurring more costs, such as extra fuel, higher challenge to controllers, and endangered safety-levels. Therefore, even though flow management plans (such as GDPs) may result in higher total backlog (as suggested in Section IV.A.1), they are still desirable in practice. To account for the low costs associated with management-induced backlogs, we separate management and weather induced backlogs in the cost function, and assign different unit cost to each. In particular, the cost function is defined as
where B m [k] and B nm [k] represent the management and non-management (such as convective weather and normal capacity constraints) induced backlogs at time k respectively, and C 2 and C 3 are scaling factors representing the unit costs associated with each type. Typically, the management induced cost C 2 is much smaller than the non-management induced cost C 3 . As such, we can phrase that the purpose of flow management is to transform weather-induced backlogs into management-induced backlogs so as to reduce the total costs. We also note that if multiple managements are applied concurrently, the cost associated with each management may need to be considered.
Penalization for High Transient Backlogs
High transient backlogs may not be allowable in reality, and as such need to be panelized. For instance, the maximum number of aircraft being held in air (caused by management strategies such as MIT/MINIT) cannot pass a limit. The cost function O 2 cannot reflect this panelization as the relationship between backlog and cost is linear (see Figure 4 for a comparison). We are thus motivated to modify O 2 and change the backlog-cost relationship to be nonlinear. A general representation of the cost function is:
where f 1 are f 2 are nonlinear functions that capture the negative impact of high transient (management and non-management induced) backlogs. Possible candidates of f i (x) include:
where Γ i is a threshold and H i is a scaling factor representing the extra unit cost of high transient backlog.
1(x)
is the function defined as 1(x) = x if x ≥ 0 and 1(x) = 0 if x < 0; or simply,
where x peak is the peak value of x, k peak is the peak time, and δ(x) is an impulse function, i. 
B. A PCM Approach to Find Optimal Flow Management
In this section, we introduce a PCM approach to find the optimal flow management plan. Compared to the Monte Carlo approach (see Figure 1) , PCM consumes much less computational time, as it requires to evaluate only a few number of management solutions to find the optima. In this section, we first review the PCM approach, and then discuss how PCM is adapted for optimal management design.
Review of the PCM Approach
PCM, originally developed for power applications [3, 7] , is an effective method to evaluate uncertainty. Consider a system with uncertain input and complicated input-output relationship. The Monte-Carlo approach can be used to find the output statistics through enumerating a large number of inputs. Unlike Monte-Carlo, PCM is concerned with smartly choosing only a few samples from the input distribution. Evaluating system outputs at these selected inputs produces a low-order input-output mapping, from which the output statistics can be obtained. It was shown in [3, 13] that for a higher-order input-output polynomial mapping of order 2m − 1, PCM can find the same output expectation with only m input samples. We have also shown that the PCM mapping has several other nice properties: 1) it is the minimum-mean-square-estimation (MMSE) mapping among polynomials of certain degree, and 2) it predicts the correct cross-correlation up to certain degree [13] . In paper [16] , we extended the single-parameter PCM to the multivariate case. Because of the good performance of PCM, we can imagine that it may be used as an optimization method. In particular, the low-order input-output PCM mapping can be directly used to identify the input that optimizes the output. In this section, we discuss how PCM can be used to find the best flow management that minimizes the cost functions discussed in Section IV.A.2. Before we present the PCM approach, let us first discuss a property of the optimal management solution for a fixed weather ensemble. In particular, we show that the optimal management duration and weather duration are the same. This property will be used later for optimal management planning.
Discussion on the Optimal Management Duration for Deterministic Weather
We assume that a deterministic weather ensemble lasts from time 0 to t 0 with restriction rate w 2 , and the management restriction rate is also w 2 (see the problem formulation in Section II.B). To find the optimal length of management (denoted as t c ), we compare the following four categories: 1) no management (t c = 0), 2) appropriate management (t c = t 0 ), 3) mild management (t c < t 0 ), and 4) excessive management (t c > t 0 ). The cost associated with each category can be expressed in terms of the area under the curves (representing the total backlog in a time-span). Without loss of generality, let us consider the cost function O 2 . According to Equation 17, the total cost for "no management" (Figure 5a ) is C 3 (B 1 + B 2 ) as all backlogs are caused by non-management flow restrictions. In the "appropriate control" case (Figure 5b ), the total backlog is of the same amount, but the total cost is C 2 B 1 + C 3 B 2 since the backlog B 1 is induced by flow management, and B 2 is induced by normal capacity constraint. In the "mild control" case (Figure 5c ), despite the same total backlog as the previous two cases, the total cost is C 2 B 1 + C 3B1 + C 3 B 2 , where B 1 +B 1 =B 1 . Because the management induced unit cost C 2 is typically smaller than non-management induced unit cost C 3 , it is easy to conclude that the cost relationship among the three cases is that "appropriate management" < "mild management" < "no management". The "excessive control" case ( Figure 5d ) results in a cost C 2B1 + C 3B2 which is higher than that of the "appropriate management", asB 1 > B 1 and B 2 > B 2 . Therefore, we conclude from the above comparison that the "appropriate management" represents the best management strategy for any fixed weather condition. As the analysis for the cost function O 3 is similar to that for O 2 , we omit the proof here.
Using PCM to Find the Optimal Flow Management Plan
Using PCM to find the optimal management duration involves a process of 1) constructing a low-order PCM mapping between the management duration (as the input) and the total cost (as the output), and 2) finding the optimal solution from the mapping. Constructing the low-order PCM mapping requires selecting a few critical management durations, and obtaining the cost associated with each. Let us first discuss how these critical management durations are selected.
According to PCM, selecting the critical management durations requires the knowledge of their distribu-tion. As the the distribution of weather duration is known, and for each fixed weather duration the optimal management duration is the same (as discussed in Section IV.B.2), the management duration can be assumed to follow the same distribution of the weather. This observation allows us to find the optimal management duration using the procedures summarized below.
Step 1: Selection of m simulation points Based upon the distribution of weather duration, choose m durations as the PCM evaluation points. According to PCM, these m points are the roots of the mth-order orthonormal polynomial h i (x) that satisfy [2, 3] 
where f X (x) is the pdf of weather duration.
Step 2: Cost Evaluation of the m Selected Management Durations This step is concerned with finding the cost associated with each selected management duration, under both weather and demand uncertainties. Two approaches can be adopted for an effective evaluation: 1) the Master Markov approach (as illustrated in [17] ) and 2) the jump-linear approach as described in Section III.
Step 3: Derivation of the Optimal Management Solution The last step is concerned with deriving a (m−1)th order polynomial mapping that passes through the selected evaluation points [3, 13] . The optimal solution can be quickly solved through taking a derivative of the PCM polynomial mapping.
C. An Optimal Management Design Example
Let us present a simple example to illustrate the PCM-based optimal design approach. As suggested by this example, the PCM approach obtains near-optimal flow management solutions, with many fewer simulations than that would be needed by the Monte Carlo approach. In this example, the convective weather model is shown in Figure 3 , with reduced flow restriction rate w 2 = 1/20mins and normal restriction rate w 1 = 6/20mins. The demand is modeled as a Poisson flow with inflow rate u[k] = 3.5/20mins. If no strategic management initiatives is enacted, aircraft will be held in air through tactical management strategies, wasting fuel and causing safety concerns. Instead, the strategic management initiative GDP can significantly reduce fuel cost and controller workload, as it delays aircraft on the ground. In this example, we aim to find the optimal duration of GDP to minimize a cost function O 2 (which weights the costs of management and non-management induced backlogs), and O 3 that further penalizes high transient backlogs. We first demonstrate how the optimal solutions are found using the PCM approach, and then discuss the impact of weighting factors in cost functions on the selection of optimal management solutions.
From the weather pdf, four weather duration instances (or equivalently management duration instances) are selected to serve as the PCM evaluation points: 12.48h, 7.19h, 3.49h, 1.039h. As the resolution of management duration is 20 minutes in this particular example, we approximate these four points as 12.33h, 7.33h, 3.33h, 1h (see Figure 6 ). Let us show the design of optimal GDP solutions for the following two cost functions:
Cost Function O 2 As GDP delays aircraft on the ground, the unit costs of GDP-induced backlog and weather-induced backlog should be significantly different. In this example we use C 2 =1 to capture the unit cost of GDP-induced backlog whereas C 3 =5 to capture the non-management-induced unit cost.
We then evaluate the total cost O 2 for each of the four selected management durations. Using the Markov approach, we find the management duration-total cost pairs to be (12.33, 9835), (7.33, 3453) , (3.33, 1184) , (1, 1147) . These four points define a third-order PCM mapping O 2 (k) = −0.7265k 3 + 95.52k 2 − 386.78k + 1438.49 between management duration and total cost. As shown in Figure 7a , The PCM mapping matches very well with the mapping obtained using the Monte Carlo approach, but with much less computational cost. The optimal management duration 2.07h is obtained through taking the derivative of the polynomial mapping O 2 (k). This solution is close to 2.33h, the optimal solution of the Monte Carlo approach. The mismatch is caused by the resolution of management durations used in Monte Carlo. As the management is updated every 20 minutes, the optimal solution found by Monte Carlo is only available at a 20-minute resolution.
Cost Function O 3 As there is always a limit on the number of maximum allowed holding aircraft in air for safety concerns, it is important to penalize high weather-induced backlogs in the cost function. In this example, we assume that the number being held in air is not suggested to pass a threshold Γ = 10. To capture this realistic consideration, we penalize the number of non-management-induced backlog over the threshold Γ by an extra unit cost H 2 = 20. We also penalize the GDP-induced backlog over the same threshold by a small extra unit cost H 1 = 1.
Using the same Markov approach, we obtain the management duration-total cost pairs as (12.33, 36152), (7.33, 10799), (3.33, 2183) , and (1, 1306). As shown in Figure 7b , these evaluation points lead to a PCM mapping O 3 (k) = 3.82k 3 + 236k 2 − 705.84k + 1771.6. The optimal management 1.44h is close to 1.33h obtained from the Monte Carlo approach. Again, the small offset is mainly caused by the resolution of management durations.
Comparing the above two optimal management solutions suggests that the selection of cost functions plays a significant role in the optimal flow management planning. As such, we end the paper with a comparison study to understand the impact of weighting factors in the cost functions on the optimal management solutions. Specifically, we keep the unit cost C 2 associated with management-induced backlog as 1 without the loss of generality, and vary the unit cost of non-management-induced backlogs C 3 and the penalties of high transient backlogs H 1 and H 2 . Figure 8a shows the effect of C 3 on the optimal management duration. In this comparison, the management and non-management penalization scaling factors H 1 and H 2 are set to be 1 and 1.5, respectively. As seen from the plot, the optimal management duration increases monotonically with the increase of C 3 . This is reasonable as the higher cost of non-management-induced backlogs will naturally shift the optimal solution toward the transformation of non-management-induced backlogs to management-induced backlogs through prolonged management durations.
Next, we fix non-management-induced unit cost as C 3 = 1.5, and vary the penalties for management and non-management-induced backlogs H 1 and H 2 together. As shown in figure 8b, increasing H 1 and H 2 results in reduced length of management durations. The result is also understandable, as extended-length of flow management durations easily leads to accumulated large backlogs that pass the maximum allowable thresholds.
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V. Conclusion
In this paper, we introduce an integrated demand-weather-management modeling framework to evaluate weather impact and design optimal flow management under uncertainties. In particular, we model demand as a stochastic process, convective weather as a Markov chain, and flow management as queuing restrictions. The contributions of the paper include:
1. We develop a closed-form jump-linear approach to quickly evaluate the mean and variance of weather impact. The variance of weather impact is a critical measure that indicates the variability of weather severity.
2. We provide a discussion on the candidate cost functions for optimal management. We note that the total backlog cannot capture the benefits of strategic flow management. As such, we induce a cost measure that separates management and non-management induced backlogs. We also introduce several nonlinear cost measures that penalize high transient backlogs. The effect of parameters in the cost functions on optimal management solutions is studied in the example at the end of the paper.
3. We introduce a PCM-based approach to quickly find the optimal management. The method is concerned with establishing a low-order mapping between flow management and total cost, and finding the optimal solution from the mapping. PCM is used to smartly identify a limited set of evaluation points to construct the low-order mapping. Markov or Jump-linear approach can be used to effectively evaluate the cost associated with each selected management plan.
